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A B S T R A C T

With technological advancements, children increasingly interact with robots designed to mimic human-like 
behaviors for communication, among which gaze is particularly pivotal from early childhood. This study thus 
explores how children attribute and form preferences when exposed to human versus robotic gazes. The research 
involved 58 Italian children aged 3 to 5 years. They watched videos featuring a human and a robot each gazing at 
one of two objects. Subsequently, children were asked which object the gazer preferred (preference attribution) 
and to indicate their own preference (preference formation). Attribution of object preference was evaluated also 
as a function of children's Theory of Mind (i.e., false belief) and mental state attributions to human and robot 
agents. Results showed that children consistently attributed preferences based on human gaze, but not robot 
gaze, suggesting that they interpret human gaze as a meaningful communicative signal, likely associated with 
intentionality. Gaze had no significant effect on children's own preferences for either agent. Importantly, attri
bution of mental states to the human, but not to the robot, significantly predicted accurate preference attribution. 
No associations were found between performance on the false-belief task and gaze-based responses, indicating 
that explicit preference attribution may rely on socio-cognitive processes distinct from belief-based reasoning. 
These findings provide design-relevant insights for child–robot interaction, suggesting that gaze alone may not 
function as an effective communicative cue for young children and highlighting the importance of develop
mentally informed interaction strategies in robotic systems designed for early childhood.

1. Introduction

From the early stage of life, humans have a high sensitivity to an
other's gaze direction (Farroni et al., 2004). This social cues is one of the 
most important pieces of information for social interaction and humans 
engage in gaze interaction from infancy (Emery, 2000). Studies have 
shown that by 6 months infants follow others' gaze towards an object, 
suggesting that they learn the environment surrounding them through 
these interactions (Senju et al., 2008). In addition, EEG studies have 
shown that another's gaze cueing to an object facilitates information 
processing in infants (Hoehl et al., 2008; Striano et al., 2006). 

Longitudinal studies have revealed that gaze following in infancy pre
dicts vocabulary size in later life, suggesting that following another's 
gaze and looking at the same object are related to word learning (Brooks 
and Meltzoff, 2005, 2008). Thus, processing another's gaze direction 
towards an object may be a core of social learning from infancy (Csibra 
and Gergely, 2009). Crucially, gaze following is not only an orienting 
response but can also reflect an emerging understanding that gaze is 
referential—conveying information about objects in the world. For 
example, Csibra and Volein (2008) demonstrated that infants can infer 
the presence of hidden objects based on referential gaze information, 
suggesting that infants use gaze cues to generate expectations about 
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object presence even when the object itself is not directly visible. 
Moreover, individual differences in how infants allocate attention dur
ing gaze-following episodes are meaningfully related to later develop
mental outcomes. Parsons et al. (2019) showed that infants who later 
developed autism spectrum disorder followed gaze as frequently as 
typically developing peers, but spent less time attending to the referred 
objects, and that such differences in attention allocation were associated 
with reduced verbal abilities. Consistent with these findings, a recent 
systematic review concluded that eye gaze facilitates infant learning by 
modulating attention, arousal, and memory, and discussed whether gaze 
functions as a specialized socio-cognitive cue rather than merely a 
low-level attentional signal (Çetinçelik et al., 2021).

To examine the impact of another individual's gaze on cognitive 
processing, gaze cueing paradigms are commonly employed in 
controlled experimental settings. In these paradigms, participants 
observe a face that gazes toward a specific object, while other objects 
remain ungazed. Through repeated exposure to such scenarios, partici
pants can learn to associate the gaze direction with the presence or 
absence of attention to specific objects. Gaze cueing can facilitate not 
only object information processing but also affect preferences for the 
gazed objects. Ten-month-old infants preferentially choose objects 
gazed at by another more often than non-gazed objects after observing 
gaze cueing situations (Ishikawa et al., 2019). Also, infants preferen
tially look at the face gazed at by another longer than the non-gazed face 
(Ishikawa & Itakura, 2018). These studies have suggested that another's 
gaze direction affects preferences for the gaze targets in infants. Similar 
gaze effects have been reported in adult studies. For example, Baylis 
et al. (2006) presented gaze cueing situations and asked how much the 
participants liked objects which were gazed at or non-gazed. They found 
that participants significantly preferred the gazed objects compared to 
non-gazed objects.

The mechanisms of why another's gaze direction modulates object 
preferences have been argued. It has been hypothesised that gaze effects 
on object preferences may be related to the understanding of the mental 
states of the social partner while she/he is gazing at the target. Gaze 
direction can be a signal for liking, interest or desire (Baron-Cohen et al., 
1995). Therefore, during observing gaze cueing situations, humans may 
attribute mental states to the social partner and use gaze information for 
evaluations of objects (Bayliss et al., 2006). Doherty et al. (2015)
investigated the development of referential gaze understanding from 2- 
to 4-year-olds using luminance cues, geometrical cues and normal face 
cues. They showed that gaze following of 2- to 3-year-olds seems to be 
based on the luminance information in the eye, while the older age 
group used both luminance and geometric information for gaze 
following. Doherty et al. (2015) suggested that understanding of other 
people as agents with mental states drives the development of the use of 
more precise geometric information about gaze direction. Thus, the 
attribution of mental states to others may be related to the effects of 
another's gaze direction. In another adult study, emotional expressions 
of cueing faces were manipulated to examine how another's mental 
states modulate gaze effects on object preferences (Bayliss et al., 2007). 
They found that objects gazed at by the happy face were liked more than 
objects gaze at by the disgust face, suggesting that the gaze effects on 
object preferences include the process of another's mental states.

Given the increasing presence of humanoid robots in social and 
educational settings (Belpaeme et al., 2018), it is important to under
stand how children interpret social cues like gaze from robots. From a 
Child–Computer Interaction (CCI) perspective, understanding how 
children interpret gaze cues from artificial agents is important not only 
for social interaction but also for learning outcomes (Okumura et al., 
2013; O'Connell et al., 2009). This question aligns with core CCI 
research themes concerning how children interact with and make sense 
of emerging interactive technologies, including social robots and their 
communicative behaviors (Giannakos et al., 2020). Gaze is widely 
implemented in educational and social robots to guide attention, 
establish joint attention, and scaffold learning processes (for a review 

see Admoni and Scassellati, 2017). Prior work shows that even minimal 
head and gaze movements can shape children's perception of a robot's 
animacy, likeability, and helpfulness (Zaga et al., 2017). At the same 
time, deictic behaviors such as pointing require careful task-sensitive 
design, as they can sometimes hinder child–robot collaboration 
(Yadollahi et al., 2018). However, it remains unclear whether gaze alone 
constitutes a sufficient communicative signal for young children to infer 
intentions and preferences from robotic agents, or whether additional 
interactive behaviors are necessary to support effective learning. Iden
tifying which robot behaviors are sufficient, and which require inte
gration with richer multimodal cues, is essential for the age-sensitive 
design of child–robot interaction systems. The present study addresses 
this issue by examining how preschool children interpret gaze cues from 
human and robot agents in relation to mental state attribution and ToM 
abilities.

Developmental studies indicate that following a robot's gaze does not 
necessarily imply that children treat robot gaze as referential in the same 
way as human gaze. O'Connell et al. (2009) showed that although in
fants could follow the gaze of humanoid robot toward a potential 
referent, they failed to establish word–object associations when the 
gazing agent was that robot. This dissociation suggests that gaze 
following alone is insufficient for social learning when the agent lacks 
perceived psychological relevance. Complementing this finding, Meltz
off et al. (2010) demonstrated that infants' gaze following toward a 
humanoid robot depends on prior socially contingent interactions, 
suggesting that infants may treat robots as psychological agents only 
under specific conditions. Together, these findings highlight the 
importance of distinguishing between basic attentional orienting and 
higher-level inferences about internal states when evaluating gaze cues 
from robots. Complementing these developmental findings, CCI 
research indicates that preschool children can use robots' non-verbal 
cues—specifically gaze direction and body orientation—to support 
word learning when embedded in an interactive learning context (Kory 
Westlund et al., 2017). The humanoid robot Robovie, used in the present 
study, has been employed in free-form classroom activities to stimulate 
curiosity toward scientific subjects (Shiomi et al., 2015) and to promote 
peer relationships among elementary school children (Kanda et al., 
2007). Other humanoid robots, such as NAO, have been used to support 
second language acquisition in primary school classrooms, including 
with migrant children (Konijn et al., 2022), and to foster cooperative 
play and social interaction (Belpaeme et al., 2018). Additionally, iCub 
and QT have been used in special needs education settings with children 
with autism spectrum disorder, supporting communicative and social 
behaviors (El-Muhammady et al., 2023; Ghiglino et al., 2023). More 
recent work in the CCI literature has further shown that humanoid ro
bots can support early lexical learning processes in children, high
lighting the potential of socially interactive robots as learning partners 
(Esfandbod et al., 2023). Together, these examples illustrate the growing 
role of humanoid robots in supporting both cognitive and social devel
opment and the importance of understanding how children interpret 
their social cues. Therefore, it is important to investigate how children 
interpret the social signals of these agents, not only to assess their 
effectiveness but also to guide their design.

This line of research aligns with the growing evidence that specific 
features of humanoid and socially expressive robots, such as gaze, can 
enhance engagement as they are perceived to be more intentional, 
promoting social interactions (Wiese et al., 2017). Okumura et al. 
(2013) used Robovie robot and examined gaze effects on object pref
erences between human and robot agents. They revealed that 
12-month-old infants preferred the objects gazed at by the human agent, 
while the robot gaze did not affect infants' object preferences. This re
sults suggests that the gaze effects on the target object may depend on 
the mental states inferred from the agent's gaze (Manzi et al., 2023; 
Becchio et al., 2008). It is worthnothing that the lack of significant gaze 
effects from the robot agent could be partly explained by younger 
children's limited attribution of mental states to robots.
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However, several studies showed that children from the age of five 
attribute some mental states to robots, although these attributions are 
generally less frequent and complex compared to humans (Di Dio et al., 
2020; Manzi, Peretti, et al., 2020). For instance, children's prosocial 
behavior toward robots increases when robots are framed as capable of 
affective states, highlighting how mental state attributions can modulate 
children's responses to robotic agents (Nijssen et al., 2021). While 
children exhibit early forms of mental state attribution, it remains un
clear how their developing Theory of Mind (ToM) abilities contribute to 
modulating their interpretation of gaze as an indicator of robot 
preference.

To date, no study has directly examined the relation between mental 
state attribution and the gaze effects on preferences in children. Fur
themore, the gaze effects on preferences have been investigated in in
fants and adults, but not in children around the time of acquiring ToM. 
The abilities of mental state attributions have been measured in ToM 
tasks, and it has been suggested that children became acquiring ToM 
abilities between the ages of 3-5 years (Gopnik and Slaughter, 1991; 
Wellman et al., 2001). The ToM task in infants is limited to the implicit 
false-belief task, which can measure only infants' attributions of belief to 
others (Onishi and Baillargeon, 2005; Southgate et al., 2007). Using gaze 
information for own evaluation may involve inferring other's mental 
states rather than beliefs. By measuring individual differences in child 
ToM abilities using indexes other than the false-belief task, it is possible 
to investigate which aspects of mental state attributions are related to 
the gaze effects on preferences.

Moreover, using a robot agent could provide insight into the 
importance of mental state attributions on the gaze effects on prefer
ences. The previous study on adults used an arrow cue to control the 
effects of attention, however, arrow cueing is qualitatively different 
from gaze cues (Bayliss et al., 2007). A recent meta-analysis has shown 
that the gaze cueing effect on attention is robust and similar across 
schematic, computer-generated, and real faces (McKay et al., 2021). On 
the other hand, arrow cues have weaker effects on attention compared to 
gaze cues (Friesen et al., 2004). Regarding to the results of the 
meta-analysis (McKay et al., 2021), robots with eye-like features are 
expected to orient human visual attention in the direction of their gaze 
(or facial movements). Thus, it is considered that a robot agent with eyes 
can lead attention as similar to a human agent compared to arrows. 
However, it remains unclear how robot gaze influences cognitive pro
cessing, such as preference toward the gaze target, beyond merely 
facilitating attention orientation. Another benefit of using the robot 
agent is that children do not spontaneously attribute mental states 
during observing gaze cueing situations (Manzi, Ishikawa, et al., 2020), 
therefore, by using robots in stead of arrows, it is possible to investigate 
whether the mental state attribution is necessary for the effects of gaze 
on object preference. Mental attributions to the Robovie are decreased 
compared to the human agent in 5-years-old children, but they are not 
entirely absent (Manzi, Peretti, et al., 2020). Social robots, like Robovie, 
can indeed elicit some level of mental state attribution in children, 
although these attributions are generally less robust and varied than 
those directed toward humans. By comparing gaze effects on object 
preferences between the robot and human agent and exploring corre
lation with the abilities of ToM respectively, the mechanisms based on 
mental state attributions can be examined.

To measure the gaze effects on object preference, the current study is 
based on the previous study by Okumura et al. (2013) examining how 
humanoid robot (i.e., Robovie) and human gaze affects infants' prefer
ence for objects. In Okumura's experiment, two objects were presented 
simultaneously, and either a human or the robot gazer directed their 
gaze toward one of the objects. The Robovie robot used in this study has 
a facial structure where head orientation and gaze direction are always 
aligned. Thus, the previous study examined whether head-turning 
consistent with gaze cueing increases preference for the object being 
looked at. Following prior research, we used similar gaze cueing sce
narios with this same type of robot, focusing on preschool children as 

participants. In addition, our method for assessing preference attribu
tion was adapted from Einav and Hood (Einav and Hood, 2006), who 
showed that 4- and 5-year-old children are able to infer an agent's 
preferred object based on gaze direction. This paradigm has been 
recently extended to adult participants (Manzi et al., 2025), who were 
able to correctly identify the preferred object of both human and robot 
agents. However, while adults could infer the agent's preference, the 
gaze cue did not influence their own explicitly stated preferences. The 
present study uses this paradigm to explore whether this pattern also 
characterizes early childhood.

The present study aims to assess the differential impact of human and 
robotic gaze on preschoolers’ formation of preferences and their ability 
to attribute preferences to the gazing agent. Additionally, it explores 
how the attribution of mental states to agents and ToM abilities influ
ence these processes. We hypothesize that preschool children will 
attribute preferences based on gaze cues more significantly when these 
cues are from human agents compared to robotic agents. This difference 
is expected due to the perceived capacity for genuine mental states in 
humans, which we posit is critical for influencing both the attribution 
and formation of preferences. Additionally, we anticipate that these 
gaze-induced preference attributions in children will correlate with their 
developmental progress in ToM abilities, particularly in discerning the 
mental states of others.

2. Methods

2.1. Participants

A total of 58 Italian children (Meanage= 60.9 months, SD = 8.82 
months; F = 29) were involved in the study. The sample estimate was 
conducted with G*Power to support the main analysis, i.e., a generalized 
repeated measures linear model (GLM). A sample estimate of 54 par
ticipants was established based on effect size f = 0.25, a probability of 
error = 0.05, a power estimate = 0.95. To account for potential no- 
shows or incomplete participation, the initial sample size included an 
additional 10% of participants, resulting in 4 extra children being tested 
and their data included in the final analysis. The parents were provided 
with a comprehensive description of the experimental process, tasks, 
and materials used during the research and provided written informed 
consent. The study was approved by the Research Ethics Review Board 
of the Department of Psychology, Kyoto University in Kyoto, Japan, with 
approval for this research (ethical proof number: 28-P12) and in 
accordance with the Declaration of Helsinki.

2.2. Robot

In the present study, we define a robot as an humanoid robot with 
anthropomorphic features necessary for conveying gaze as a social cue 
(e.g., head, eyes). This excludes non-anthropomorphic systems such as 
Roomba or Amazon's Alexa. Our definition follows prior work on hu
manoid robotics (Bartneck & Forlizzi, 2004; Ishiguro et al., 2001). In this 
sense, we used the Robovie robot (developed by Hiroshi Ishiguro Lab
oratories, ATR), an anthropomorphic humanoid robot designed with a 
mix of anthropomorphic and mechanical features. Robovie has two eyes 
and a microphone that resembles a mouth, enhancing its human-like 
qualities, but lacks legs (using two drive wheels for movement) and 
hands (with arms ending without hands). Its design falls within the 
mid-range of the mechanical-human continuum (see the ABOT data
base; Phillips et al., 2018), achieving a balance that allows it to resemble 
a human form while remaining distinctly non-human. This combination 
of features makes Robovie particularly suitable for studying social cues 
like gaze, as it presents children with a partially human-like agent to 
which they may attribute mental states, without fully realistic charac
teristics. Moreover, Robovie has been extensively used across different 
age groups, including children, to analyze gaze effects and mental state 
attribution in human-robot interactions (Okumura et al., 2013; Manzi, 
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Peretti, et al., 2020).

2.3. Procedure

Each child was assessed individually in a quiet room within their 
kindergarten, which was deemed suitable for testing. The assessment 
session lasted approximately 20 min and was conducted by a researcher 
during school hours. The experimental protocol included: a gaze pref
erence task, a first-order false belief ToM task, and a mental state 
attribution questionnaire for both the human and the robot. The 
sequence of these tasks was randomized for each child. For the execution 
of the gaze preference task, a Lenovo Yoga 530 touchscreen with a 
resolution of 1366x768 was utilized. This setup allowed the children to 
interact directly with the interface during the task, enabling them to 
intuitively select their responses to the stimuli presented. Further details 
about the instruments and methodologies employed in the assessment 
are provided in the subsequent paragraphs.

2.4. Design and gaze preference task

The study adopted a 2x2 repeated measures design, with two within- 
subject factors: Agent (Human, Robot) and Perspective (Gazer Preference, 
Participant Preference). The dependent variables were the attribution of 
gazer preference and individual preference, i.e., in correctly identifying 
the preferred object looked at by the gazer. Participants viewed six brief 
videos, each lasting 10 s, in which a human or a robot looked towards 
one of two objects. The face of the agent (human or robot) was displayed 
at the top of the screen, and two objects (the target and distractor) were 
shown at the bottom on a black background (see Fig. 1; for all targets 
and distractors see Appendix 1). The object pairings adopted in the 
present study were derived from a previous experiment conducted with 
adult participants (Manzi et al., 2025), in which a preliminary validation 
phase was used to select pairs with comparable preference levels. To 
ensure that these pairings were also neutral for preschool children, a 
pre-experimental preference check was conducted. At the beginning of 
the session, all objects were presented individually in a randomized 

order, and children were asked to rate how much they liked each object 
using a 5-point Likert smiley-face scale (1 = not at all; 5 = very much). 
Paired-sample t-tests indicated that no significant preference differences 
(p > .05) emerged within any object pair. Descriptive statistics and 
inferential results of this preference check are reported in Appendix 1
(Table A1). Across the experimental trials, the order of presentation of 
the six videos was fully randomized for each participant. Within each 
trial, the left/right position of the target and distractor objects as well as 
the direction of gaze were randomized. The agent initially made eye 
contact with the participant for 4 s before shifting gaze toward the target 
object and maintaining gaze for the remaining 6 s.

Before the start of the experimental trials, children underwent a 
familiarization phase. During this phase, children were randomly 
exposed to two trials of example with a pair of objects that were not used 
in the experimental trials. This phase was designed to familiarise par
ticipants with the agents and the visual format of the trials. Additionally, 
children were provided with the opportunity to independently interact 
with the Lenovo Yoga 530 touchscreen. This hands-on experience was 
meant to help children become familiar with the technology and com
plete the experiment independently, without the experimenter's 
assistance.

At the end of each video, participants were asked two questions 
presented in a counterbalanced order across trials and participants: 
“Which object does the robot/girl like?” (Gazer Preference) and “Which 
object do you like?” (Participant Preference). The first question followed 
previous paradigms of Einav and Hood (2006) and was used to explore 
whether children interpret gaze direction as a cue to preference. 
Congruent choices scored 1, i.e., when the participant's response 
matched the object gazed at by the agent (i.e., the target); incongruent 
choices scored 0, i.e., when the participant chose the distractor. The 
score for the Human and Robot conditions was calculated by adding the 
congruent choices from the three trials. Each child's responses were 
scored separately for the human and robot conditions, with a maximum 
score of 3 for each condition. The higher the score on the gaze preference 
task, the greater the impact of gaze on preference attribution.

Fig. 1. A–B. The figure depicts two examples (A and B) of the video stimuli. In A, Sequence-1, the robot gazer made eye contact with the camera for 4 s, followed by 
looking at the target object for 6 s in Sequence-2. In B, Sequence-1, the human gazer made eye contact with the camera for 4 s, followed by looking at the target 
object for 6 s in Sequence-2.
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2.5. Theory of Mind – false belief

To assess children's understanding of first-order ToM and their 
comprehension of false beliefs, the study employed the Unexpected 
Transfer task (Wimmer and Perner, 1983). During this task, a story was 
read to the child, featuring two characters (A and B), a ball, a box, and a 
basket, all situated in the same room. Character A places the ball in a box 
and then exits the room. Subsequently, Character B, in A's absence, 
moves the ball from the box to the basket. The child was then asked a 
series of questions by the experimenter regarding the sequence of 
events, including: (i) a false belief question (“Where does Character A 
think his ball is?”); (ii) a memory question (“Where did Character A 
originally place the ball before leaving the room?”); and (iii) a reality 
question (“Where is the ball actually located now?”). If the control 
questions (reality and memory) were answered accurately, the response 
to the false belief question was scored 1 if correct and 0 if incorrect.

2.6. Attribution of Mental States Questionnaire (AMS-Q)

The Attribution of Mental States Questionnaire (AMS-Q) is designed 
to assess the mental and perceptual states attributed by participants to 
specific characters, such as a human or a robot. In the present study, 
these attributions explicitly referred to the agents depicted in the 
experimental video stimuli. The questionnaire includes 23 items across 
various state categories including perceptual, emotional, desires and 
intentions, imagination, and epistemic states. Validated in its current 
form by Miraglia et al. (2023), the AMS-Q has been extensively utilized 
in research with both children (Di Dio et al., 2020; Manzi, Peretti, et al., 
2020) and adults (Manzi et al., 2021). Participants respond to prompts 
such as, “In your opinion, can a human/robot think, decide, be happy, 
create, etc.?" Answers are binary, “Yes” or “No,” with “Yes” scored as 1 
and “No” as 0. If a participant answers “Yes,” a follow-up question 
quantifies the response: “How much? A little bit or very much?”, 
allowing responses to be scored on a 3-point scale: No (0), Yes, a little bit 
(1), or Yes, very much (2). Reflecting its comprehensive validation in 
Italian, which identified three distinct factors, the AMS-Q employs a 
three-factor structure in this study: AMS-Neutral-Positive (AMS-NP; 13 
items) evaluates the attribution of epistemic mental states, well-being 
states, and positive emotions (Human α = .9; Robot α = .9); 
AMS-Negative (AMS-N; 6 items) assesses states related to deception and 
negative emotions, also with an alpha of 0.9 for both agent types 
(Human α = .9; Robot α = .9); AMS-Sensory (AMS-S; 4 items) measures 
sensory state attributions (Human α = .9; Robot α = .9). The question
naire was administered twice, once referring to the human agent and 
once to the robot agent. The order of administration (human first or 
robot first) was counterbalanced across participants. Each administra
tion consisted of 23 items, identical for both agents, yielding a total of 46 
responses per participant.

2.7. Data analysis

For the data analysis we used R statistical software (version 4.2.3). 
To examine the effects of gaze in the preference task, we carried out a 
Generalized Linear Model (GLM) with a binomial distribution, suited for 
handling the binary nature of responses (i.e., consistent or inconsistent 
choices across three fixed trials per condition; range: 0–3). This 
modeling choice aligns with prior recommendations for handling 
bounded count data (Agresti, 2013). Specifically, we employed Type II 
analysis of deviance to evaluate the effects in our experimental design 
involving interactions. This analytical approach was chosen for several 
key reasons. First, Type II analysis appropriately handles the hierar
chical structure of effects by testing the interaction terms before exam
ining main effects, which aligns with our experimental design where 
interaction effects are of primary interest. Second, this method provides 
a balanced treatment of main effects while controlling for other effects at 
the same level, reducing the risk of Type I errors compared to Type I 

analysis. Additionally, Type II analysis is particularly suitable for 
experimental designs as it evaluates each effect after controlling for all 
other effects of equal or lower order, allowing for a more conservative 
and reliable assessment of the experimental manipulations.

To examine the effects of ToM acquisition, we divided the children 
into two groups: children who passed the false-belief task (n = 21), and 
children who failed the false-belief task (n = 37). This model also in
tegrated variables such as age, gender, agent type (human or robot), and 
perspective (gazer or participant). It also included an analysis of the 
interactions among these factors, allowing us to explore how these 
variables collectively affect children's preference attributions, particu
larly examining whether responses differ significantly between human 
and robotic gazers and whether children's perceptions align or conflict 
with the preferences of the agent.

Moreover, to identify potential relationships between the children's 
responses in the gaze preference task and the mental states they attribute 
to the agents, we performed correlation analyses between the AMS-Q 
scores for both human and robot, and the children's preference attri
butions to the gazer and their own preferences. Finally, a linear 
regression analysis was carried out to delve deeper into the factors that 
best predict children's preference attributions in the human condition.

3. Results

3.1. Descriptive statistics

Descriptive statistics for all measures are reported in Table 1, 
including gaze-preference scores for the human and robot conditions, 
False-Belief performance, and each AMS-Q subscale (AMS-NP, AMS-N, 
AMS-S) for both agents.

3.2. Gaze preference task

In the GLM, we modelled Age, Gender, ToM, Agent and Perspective and 
as fixed effects, and all combinations of factors as interaction terms (see 
Table 2). The results showed a significant interaction effect between 
Agent and Perspective (χ2 = 11.643, p < .001). Specifically, participants 
were more likely to attribute a preference to the gazer (rather than 
report their own preference) when the agent was human (estimate ± s. 
e. = − 0.814 ± 0.220, Z = − 3.669, p < .001). Also, congruent attribution 
to the gazer's preference was higher for the human compared to the 
robot gazer (estimate ± s.e. = − 0.5801 ± 0.2215, Z = − 2.619, p =
.043). These findings are illustrated in Fig. 2. No other main effects or 
interaction terms reached significance. No significant relationship was 
found between gaze and participants' own preferences, regardless of 
whether the agent was human or robot.

Table 1 
Descriptive statistics (means and standard deviations) for all measures.

Mean Std. Deviation

ToM ​ 0.37 0.48

Gazer Human 1.95 0.83
Robot 1.53 1.04

Participant Human 1.35 0.86
Robot 1.70 0.82

AMS - Human NP 1.43 0.50
N 0.82 0.48
S 1.53 0.55

AMS - Robot NP 1.38 0.53
N 0.68 0.44
S 1.14 0.63

ToM = Theory of Mind (proportion correct); AMS = Attribution of Mental States; 
NP = Neutral Positive; N = Negative; S = Sensory.
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3.3. Correlation with the attribution of mental states

Pearson's correlation analysis between the AMS-Q scores for humans 
and robots, and the participants' own preferences and their attributions 
of the gazer's preferences revealed a significant positive correlations for 
the human, but not for the robot, p > .05, Specifically, the correlation 
between the attribution of gazer preference and the AMS-NP scores for 
humans was substantial (r = 0.36, p = .008). Indicating a moderate ef
fect size. No significant correlations were observed for the robot con
dition (p > .05). These relationships are detailed in Table 3. Gender was 
coded as a binary variable (0 = male, 1 = female) and included in the 
correlation matrix for descriptive and exploratory purposes only. 
Additional non-parametric comparisons (i.e., Mann–Whitney U test) 
confirmed the absence of significant gender differences in preference 
scores or mental state attributions (p > .005). A paired-samples t-test on 
the total AMS-Q scores revealed that children attributed significantly 
more mental states to the human agent (M = 3.8, SD = 1.11) than to the 
robot agent (M = 3.2, SD = 1.2), t (57) = 3.18, p = .002, d = 1.35.

3.4. Regression analyses

To further examine the relationship between the attribution of 
preferences to the human gazer and the attribution of mental states to 
humans, we carried out a linear regression analysis, also considering 
demographic variables such as age and gender, as well as ToM and 
attribution of mental states (i.e., AMS-NP). This model was conducted 
only for the Human Gazer condition, as only this condition yielded a 
significant effect in the preference attribution task. Among the AMS-Q 
subscales, only the NP dimension was included as a predictor, based 
on its significant correlation with the dependent variable. This analysis 
aimed to assess whether the attribution of mental states to the human is 
associated with variation in children's preference attribution to the 
human gazer. The variables included are age, gender, ToM, and the 
AMS-NP (see Fig. 3). The final model identified AMS-NP as a significant 
predictor, explaining 36% of the variance in attribution of gazer pref
erence (Adjusted R-squared = 0.12). The model was statistically sig
nificant, F1,50 = 7.56, p = .008. AMS-NP emerged as a robust predictor of 
preference attribution to the human gazer, β = 0.4, t (56) = 2.8, p < 01 
(see Fig. 3). In contrast, age was not significantly associated with the 
children's response β = − 0.002, t (56) = − 0.01, p > .05, nor did gender, 
β = 0.07, t (56) = 0.55, p > 05, or ToM, β = − 0.004, t (56) = − 0.02, p >
.05.

Table 2 
Statistical values of the deviance analysis (GLM type II tests).

Predictor LR Chisq p-value

Agent 0.100 0.752
Perspective 3.429 0.064
Gender 0.244 0.621
Age 0.943 0.332
ToM 0.102 0.749
Agent × Perspective 11.712 0.001***
Perspective × Gender 1.673 0.196
Agent × Gender 0.648 0.421
Agent × Age 0.199 0.655
Perspective × Age 1.709 0.191
Gender × Age 0.013 0.909
Gender × ToM 1.317 0.251
Age × ToM 0.264 0.607
Agent × ToM 0.003 0.958
Perspective × ToM 0.963 0.326
Gender × Age × ToM 0.653 0.419
Agent × Perspective × Gender 0.224 0.636
Agent × Perspective × Age 2.145 0.143
Agent × Gender × Age 0.041 0.839
Perspective × Gender × Age 0.244 0.621
Agent × Perspective × ToM 0.420 0.517
Agent × Perspective × Gender × Age 1.620 0.203

*Significance level codes: ***p < .001.

Fig. 2. Mean score of congruent responses in the Gazer and Participant preference tasks, separately for the Human (dark bars) and Robot (light bars) conditions.

Table 3 
Pearson's r correlations between the participants' Age (months), Gender, ToM 
and mean preference scores in the Gazer and Participant perspective conditions 
for the Human and Robot.

Human Robot

Correlation variables ​ Gazer Participant Gazer Participant
Gender ​ 0.065 0.117 − 0.111 0.071
Age (months) ​ 0.094 − 0.183 − 0.124 − 0.190
ToM ​ 0.002 0.091 − 0.002 − 0.139
AMS ​ ​ ​ ​ ​
​ NP .361a − 0.164 0.017 0.047
​ N − 0.224 − 0.111 0.042 − 0.010
​ S 0.169 − 0.091 0.218 0.114
N 58 ​ ​ ​ ​

Pearson's r values are reported as effect sizes. ToM = Theory of Mind; AMS =
Attribution of Mental States; NP = Neutral Positive; N = Negative; S = Sensory.

a Correlation is significant at the 0.01 level (2-tailed).
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4. Discussion

The present study examined how preschool children interpret gaze 
cues from a human and a humanoid robot, focusing on two related but 
distinct outcomes: (1) whether children attribute preferences to the 
gazer based on gaze direction, and (2) whether those same gaze cues 
influence children's own preferences. Our findings revealed a significant 
difference in the attribution of preference between human and robot 
gazers, with human gaze exerting a substantial influence on the attrib
utuion of preference to the gazer. Conversely, the influence of gaze on 
individual preference formation was not significant, regardless of the 
agent type. Furthermore, the regression analysis revealed a significant 
association between the attribution of mental states to the human and 
accuracy in the attribution of preferences to the human gazer. Finally, it 
is noteworthy that performance on the false-belief ToM task was not 
significantly associated with either the attribution of preferences to the 
gazer or the formation of individual preferences.

The marked difference in how children attribute preferences based 
on human compared to robot gaze reinforces existing evidence that early 
socio-cognitive processing is preferentially oriented toward human 
agents (Manzi, Ishikawa, et al., 2020; Okumura et al., 2013). In fact, 
preschool children seem to interpret human gaze not just as a simple 
directional signal, but as a communicative cue that conveys internal 
mental states, such as preferences or desires, in line with previous 
studies (Doherty et al., 2009; Einav and Hood, 2006). This suggests that 
children can explicitly associate the direction of human gaze with a 
preference (i.e., to desire something). In contrast, gaze from the hu
manoid robot did not significantly influence children's attribution of 
preferences. Importantly, this result should not be interpreted as indi
cating that robot gaze is generally uninformative. Rather, it suggests that 
gaze alone was not sufficient in the present task to support reliable 
preference attribution. This may reflect children's perception of robots 
as non-living entities. Supporting this, our AMS-Q data show signifi
cantly lower attribution of mental states to the humanoid robot than to 
the human, which aligns with findings typical for this age group (Manzi, 
Peretti, et al., 2020; Goldman and Poulin-Dubois, 2024; Di Dio et al., 
2020). Although preschoolers may anthropomorphize robots to some 
extent, they may still have difficulty interpreting robot gaze as an 
expression of referential intentionality (i.e., a deliberate action aimed at 
directing attention toward an object to communicate a preference or 
desire) (Baron-Cohen et al., 1995; Frischen et al., 2007; Moll and 

Tomasello, 2007). This interpretation aligns with evidence indicating 
that, during the preschool years, the ability to infer preferences from 
gaze cues is still undergoing developmental consolidation (Doherty and 
Anderson, 1999; Doherty et al., 2009). As such, this skill may be reliably 
applied to human agents but not yet generalized to non-human entities 
such as robots. Supporting this, previous studies from infancy have 
shown a dissociation between gaze following and referential interpre
tation of robot gaze. Although infants visually follow the gaze of a hu
manoid robot, they do not reliably treat it as communicative or 
intentional (O'Connell et al., 2009). A similar pattern has been reported 
in children as young as two years old, who follow robot gaze more 
slowly than human gaze (Manzi, Ishikawa, et al., 2020), suggesting a 
developmental mismatch in responsiveness to social cues from human 
versus robotic agents. Importantly, this interpretation does not contra
dict previous evidence showing that preschool children can successfully 
learn from robots (e.g., Kory Westlund et al., 2017; Moriguchi et al., 
2011). Rather, these findings suggest that such learning likely depends 
on the availability of additional communicative or contextual cues 
beyond gaze alone (e.g., verbal information or contingent interaction), 
which were minimized in the present paradigm. It is therefore likely that 
preschoolers continue to experience difficulties in ascribing desires to 
robot gaze while they are still refining this process in interactions with 
human agents. In a study using the same paradigm with adults, partic
ipants accurately inferred preferences from both a human and a hu
manoid robot gaze (Manzi et al., 2025). This seems to suggest a 
developmental change in the ability to interpret robot gaze as socially 
salient, probably supported by an increased experience that adults have 
of nonhuman agents, including robots. Another possible explanation is 
that adults may treat robots as representations or depictions of social 
agents rather than as genuinely animate entities, as suggested by recent 
theoretical accounts (Clark and Fischer, 2023). Identifying when and 
how this change occurs remains an important direction for future 
research.

The second main finding of the present study is that while children 
attribute preferences to the human based on gaze direction, their pref
erences are not influenced by the gaze observed by either the human or 
the robot. This difference supports recent theoretical perspectives that 
distinguish between attentional orientation and decision making 
(Orquin and Loose, 2013), suggesting that attention contributes to the 
decision making process but does not directly cause preference forma
tion. Rather, decisions emerge from a complex interaction between 

Fig. 3. Scatterplot showing a positive relationship between the attribution of preference to the human gazer (y-Axis) and the attribution of mental neutral-positive 
(x-Axis).
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attention, working memory, stimulus characteristics, and prior prefer
ences. Although the attentional function of gaze is well documented in 
infants and adults (McKay et al., 2021; Moore, 2008), its influence on 
explicit decisions, especially in early childhood, has been less explored. 
Our results suggest that preschool children may decode gaze as a social 
cue to infer others' preferences, but this does not necessarily translate 
into changes in their own preferences. This pattern mirrors results ob
tained in adults using the same paradigm (Manzi et al., 2025), where 
participants also inferred the preferences of the gazer but were not 
influenced in their own choices. This may indicate that gaze, although 
sufficient for social inference (Doherty and Anderson, 1999; Doherty 
et al., 2009; Einav and Hood, 2006), is not a strong enough cue to alter 
explicit individual decisions. One possible explanation could be related 
to the novelty of the gazer agent. Previous research has shown that 
familiar individuals, such as parents or teachers, exert a greater influ
ence on children's attention and learning, probably due to their estab
lished social relevance and trustworthiness (Barry-Anwar et al., 2017; 
Gredebäck et al., 2010; Hoehl et al., 2008). In our study, the human was 
unfamiliar to the children, which may have reduced the salience or 
persuasive power of the gaze. It is plausible that had a familiar adult 
been used, gaze cues might have had a greater effect on children's object 
choices, potentially altering the observed pattern of outcomes. This 
consideration becomes even more relevant when we consider the hu
manoid robot used in this study: not only was the robot unfamiliar, but it 
was also a novel and potentially ambiguous social agent, further limiting 
its influence on children's decision-making processes.

From a CCI perspective, these findings provide important constraints 
on how gaze should be conceptualized and implemented in child–robot 
interaction. While non-verbal behaviors such as gaze direction and 
minimal head movements are commonly treated as key design levers 
and can support learning and perception in child–robot interaction 
(Kory Westlund et al., 2017; Zaga et al., 2017), our results suggest that, 
for preschool children, gaze primarily supports social interpretation 
rather than direct behavioral influence. In other words, children may use 
gaze to infer what an agent prefers, but this does not necessarily trans
late into changes in their own decisions or preferences. This distinction 
has direct implications for the design of gaze-based interaction strate
gies: gaze alone may be insufficient to guide children's choices or 
learning outcomes, particularly when deployed by artificial agents, in 
the absence of additional communicative or contextual cues (e.g., verbal 
information or contingent interaction). Instead, gaze may need to be 
embedded within richer, contingent, and multimodal interaction con
texts (e.g., verbal explanations, action consequences, or reciprocal 
feedback) to become an effective communicative signal in child–robot 
interaction, consistent with evidence that combining or varying 
non-verbal behaviors (e.g., gestures) can support robot engagement and 
learning over repeated interactions (De Haas et al., 2022), but also that 
deictic cues can backfire when poorly aligned with task demands 
(Aquilino et al., 2025; Yadollahi et al., 2018). Importantly, these find
ings highlight the need for developmentally informed design approaches 
that take into account both the socio-cognitive abilities of young users 
and their differential interpretation of human versus robotic agents 
(including humanoid robots such as the one used in the present study).

Finally, exploratory analysis of false belief understanding showed no 
significant association with either gazer attribution or their own pref
erence. This result should be interpreted with caution, as only a rela
tively small proportion of children passed the False-Belief task, which 
may have limited variability in ToM performance and reduced statistical 
power to detect associations with gaze-based measures. Nevertheless, 
this pattern raises questions about the specific role of false belief 
reasoning in explicit gaze-mediated preference attribution. One possible 
explanation concerns the distinction between different forms of joint 
attention. While early joint attention abilities have been shown to pre
dict later ToM development (Kristen et al., 2011), more recent work 
suggests that this relation is primarily driven by initiating joint atten
tion, rather than responding to joint attention (Brandone and Stout, 

2023). Given that the present task is based on gaze following, it is 
conceptually closer to responding to joint attention, for which links with 
ToM are less consistently observed, and this may help explain the 
absence of an association. Our data suggest that such attribution may 
not depend on the components involved in false belief reasoning, but 
rather on earlier-developing socio-cognitive mechanisms. This inter
pretation aligns with evidence indicating that gaze following and the 
attribution of desires or intentions emerge before the ability to represent 
others’ false beliefs (Moll and Tomasello, 2007). In this sense, the 
explicit attribution of preferences may involve a less complex inferential 
process. Although evidence exists with respect to the association be
tween gaze sensitivity in early life and the development of ToM 
measured with false beliefs (Brooks and Meltzoff, 2015), it is worth 
noting that a different dimension is measured in the present study: the 
explicit ability to attribute preferences to the other and to oneself. It will 
therefore be important in future studies to explore in more detail how 
these different components develop and interact.

In line with this perspective, our exploratory regression analyses 
showed that attribution of mental states to the human agent, as 
measured by the AMS-Q, significantly predicts gaze-based attribution of 
preferences. No similar association emerged for the robot, suggesting 
that the richness of mental reasoning used by children varies by agent. 
While exploratory, these results may suggest that explicit interpretation 
of social cues such as gaze may be supported by a broader range of socio- 
cognitive abilities than simply understanding false beliefs, including 
desires, emotions, and epistemic states. Further research is needed to 
examine how these dimensions jointly contribute to early social 
reasoning, and to identify developmental trajectories across different 
types of agents and tasks.

One limitation of this study is that it remains unclear whether chil
dren understand the gazer's object preference based on gaze direction 
alone. This study employed the same type of humanoid robot and similar 
gaze cueing scenarios (with two objects) as in previous study with in
fants (Manzi, Ishikawa, et al., 2020; Okumura et al., 2013). In such 
cases, understanding the gazer's preference requires a relative evalua
tion between two objects. However, it remains uncertain whether chil
dren can interpret preference from gaze direction when only a single 
object is presented. Differences in preference understanding based on 
the number of objects presented have not yet been explored, with pre
vious studies focusing solely on differences in cued versus uncued effects 
regardless of the number of objects (Hoehl et al., 2008). Future research 
is needed to examine how the number of objects in gaze cueing scenarios 
influences preference interpretation from gaze direction in children. 
Another limitation is the difference between the facial features of the 
robot used in this study and those of a human. To examine the effect of 
gaze direction on preference understanding more directly, control con
ditions, such as “turning head with eyes closed,” would be necessary. 
However, the humanoid robot used in this study (Robovie) and prior 
research (Manzi et al., 2023; Okumura et al., 2013) has a design in 
which head orientation and gaze direction are always aligned. This 
structural difference between human and robot faces may influence how 
gaze direction impacts children's cognitive processing. Future studies 
should explore how varying facial features in robots affect gaze inter
pretation, allowing for a comparison of the effects of anthropomorphism 
on gaze cues. In this respect, additional factors related to robot 
embodiment and task structure warrant further consideration. An 
additional aspect that may have influenced children's interpretation of 
robot gaze concerns the anthropomorphic properties of the robot itself. 
The humanoid robot used in the present study (Robovie) occupies a 
mid-range position on the anthropomorphism continuum, combining 
human-like facial features with clearly mechanical characteristics 
(Manzi, Peretti, et al., 2020). It is therefore possible that a more 
human-like robot, such as NAO, could elicit stronger attribution of 
intentionality and, consequently, different gaze-based preference pat
terns. This interpretation is consistent with recent evidence showing that 
preschool children tend to conceptualize robots primarily as artefacts 
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rather than as animate beings (Di Dio et al., 2020; Goldman and Pou
lin-Dubois, 2024). For instance, Baumann et al. (2023) demonstrated 
that children of this age categorize robots as artefacts in an ‘internal 
body part’ task, which may constrain the attribution of complex mental 
states to robotic agents.

It is important to note that the present study relied on behavioral 
responses to infer gaze interpretation. Although children's choices 
indicate how gaze cues were interpreted at a decision level, future 
studies would benefit from integrating eye-tracking measures to directly 
assess attentional orienting and gaze following. Combining eye-tracking 
data with behavioral measures would allow a clearer dissociation be
tween perceptual sensitivity to gaze direction and higher-level inferen
tial processes related to preference attribution and mental state 
reasoning.

5. Concluding remarks and future directions

This study provides new insights into how preschool children process 
gaze cue from humans and robots, highlighting a clear asymmetry be
tween the attribution of preferences to others and the formation of their 
own preferences. Our results confirm that preschoolers already interpret 
human gaze as a communicative cue that conveys mental states such as 
desires or preferences. However, this conclusion is not reached for robot, 
probably due to the lower intentionality attributed to it. Although robot 
gaze is perceptually similar, it does not seem to have any referential 
meaning for young children, suggesting an early developmental bias in 
the social cognition toward humans. Importantly, our results also indi
cate that gaze direction is sufficient to attribute preferences to others, 
but has no influence on children preferences. This difference, observed 
in both humans and robots, suggests that gaze cue alone may not be 
sufficient to modulate explicit decision-making in preschool children. 
This is consistent with recent theories that emphasize the multifactorial 
nature of gaze decision-making. Furthermore, the results of the explor
atory regression suggest that a more comprehensive understanding of 
mental state, beyond false belief reasoning, plays a role in children 
attribution of preferences at least to humans. Although these results 
should be interpreted with caution, they underscore the importance of 
integrating multifactorial assessments of social-cognitive development, 
such as those captured by the AMS-Q.

From a Child–Computer Interaction perspective, these findings sug
gest that gaze should not be assumed to function as a stand-alone 
communicative or decision-shaping signal in child–robot interaction. 
Rather, gaze may primarily support social interpretation, and its effec
tiveness is likely constrained by children's developmental stage and their 
interpretation of the agent's intentionality. Consequently, gaze-based 
interaction strategies for young children may benefit from being 
embedded within richer, multimodal, and contingent interaction con
texts, and from being informed by age-sensitive design principles.

Future studies should further investigate the developmental trajec
tory of these processes. In particular, longitudinal and age-comparative 
designs could help clarify when and how children start to interpret robot 
gaze as a social salient cue and. It would also be useful to replicate the 
current paradigm with familiar agents (e.g., parents, teachers) to test 
whether social familiarity increases the influence of gaze on preference 
formation. Furthermore, future studies should investigate how contex
tual cues and agent type modulate children's response to gaze, especially 
during interactions with artificial agents. Methodologically, future work 

should integrate eye-tracking measures to directly assess gaze following, 
allowing a clearer distinction between perceptual orienting to gaze and 
higher-level inferential processes involved in interpreting gaze as 
intentional. Finally, it will be important to discover which other 
cognitive and sociocognitive components may support these processes. 
For example, executive functions such as inhibitory control, cognitive 
flexibility, and working memory may interact with social cognitive 
mechanisms to shape children's ability to integrate gaze cues into de
cision making.
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Appendix 1 

A. Stimuli used in the gaze preference task

This section of the Appendix presents all objects used as targets and distractors in the gaze-preference task. The object pairs were as follows. 
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Pair A) 1 - Flag, 2 – Broom
Pair B) 3 - Skittle, 4 – Tweezers;
Pair C) 5 - Tube, 6 - Party horn

B. Pre-experimental preference check of object stimuli

Prior to the gaze-preference task, children rated their liking for each object using a 5-point Likert smiley-face scale (1 = not at all; 5 = very much). 
Mean preference scores and results of paired-sample t-tests for each object pair are reported in Table A1. No significant differences emerged between 
the two items within any pair, indicating that the object pairings were neutral with respect to children's baseline preferences.

Table A1 
Descriptive statistics and paired-sample t-tests for object preference ratings

Object 1 (M ± SD) Object 2 (M ± SD) p (two-tailed)

Pair A: Flag (1) – Broom (2) 4.07 ± 1.27 3.65 ± 1.48 0.054
Pair B: Skittle (1) – Tweezers (2) 3.84 ± 1.37 3.54 ± 1.60 0.212
Pair C: Tube (1) – Party horn (2) 4.00 ± 1.20 3.63 ± 1.44 0.126

Data availability

Data will be made available on request.
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